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Health & Ecological Risk Assessment
Integration of Chlorpyrifos Acetylcholinesterase Inhibition, Water
Temperature, andDissolvedOxygenConcentration into a Regional
ScaleMultiple Stressor Risk Assessment Estimating Risk to Chinook
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Chelsea J Mitchell,‡ Katherine E von Stackelberg,§ and John D Stark‡
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Washington, USA
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ABSTRACT
We estimated the risk to populations of Chinook salmon (Oncorhynchus tshawytscha) due to chlorpyrifos (CH), water
temperature (WT), and dissolved oxygen concentration (DO) in 4 watersheds in Washington State, USA. The watersheds
included the Nooksack and Skagit Rivers in the Northern Puget Sound, the Cedar River in the Seattle–Tacoma corridor, and
the Yakima River, a tributary of the Columbia River. The Bayesian network relative risk model (BN‐RRM) was used to conduct
this ecological risk assessment and was modified to contain an acetylcholinesterase (AChE) inhibition pathway parameterized
using data from CH toxicity data sets. The completed BN‐RRM estimated risk at a population scale to Chinook salmon
employing classical matrix modeling runs up to 50‐y timeframes. There were 3 primary conclusions drawn from the model‐
building process and the risk calculations. First, the incorporation of an AChE inhibition pathway and the output from a
population model can be combined with environmental factors in a quantitative fashion. Second, the probability of not
meeting the management goal of no loss to the population ranges from 65% to 85%. Environmental conditions contributed to
a larger proportion of the risk compared to CH. Third, the sensitivity analysis describing the influence of the variables on the
predicted risk varied depending on seasonal conditions. In the summer, WT and DO were more influential than CH. In the
winter, when the seasonal conditions are more benign, CH was the driver. Fourth, in order to reach the management goal,
we calculated the conditions that would increase juvenile survival, adult survival, and a reduction in toxicological effects. The
same process in this example should be applicable to the inclusion of multiple pesticides and to more descriptive population
models such as those describing metapopulations. Integr Environ Assess Manag 2020;16:28–42. © 2019 SETAC
Keywords: Bayesian network relative risk model Population modeling Ecological risk assessment AChE inhibition
Landscape scale risk assessment
INTRODUCTION
We demonstrate that a probabilistic ecological risk as-
sessment, as exemplified by the Bayesian network relative
risk model (BN‐RRM), can integrate a biomarker, specifically
acetylcholinesterase (AChE) inhibition, with other multiple
stressors and population modeling to estimate risk to an
endpoint. First, we describe the process of integrating the
biomarker, the descriptions of other stressors, and pop-
ulation models into a BN‐RRM. Then we illustrate how such
an approach can be used to describe and compare risk due
to exposure to chlorpyrifos (CH), an organophosphate (OP)
pesticide, in combination with the water quality parameters,
temperature, and dissolved oxygen (DO), to Chinook
salmon (Oncorhynchus tshawytscha) populations. We use
site‐specific data from the Nooksack, Skagit, Cedar, and
Yakima watersheds in Washington State, USA to estimate
risk and to evaluate the contributions of the pesticide and
water quality inputs. We demonstrate that our approach can
be used to explore multiple stressors that can be integrated
to estimate risk at a population scale.
Bayesian network relative risk model
The original relative risk model (RRM) was developed to
address ecological risks associated with multiple stressors
acting on diverse endpoints over larger spatial and longer
temporal scales (Colnar and Landis 2007; Landis and
Wiegers 2007) and has been applied worldwide (Bartolo
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et al. 2012; Chen et al. 2012; Apitz 2013; Kanwar et al.
2015). In the RRM the formation of the conceptual model
uses the source–stressor–habitat–effect–impact framework
that incorporates spatial relationships to indicate causal in-
teractions (Landis and Wiegers 1997; Wiegers et al. 1998).
Ayre and Landis (2012) demonstrated that the causal
framework of the RRM translates easily into the tiered node
structure of a BN. Key attributes of BNs include their ability
to incorporate a wide variety of data and to represent
complex interactions such as those described by mecha-
nistic representations of toxicity. Bayesian networks have
been applied to environmental management and risk as-
sessment (Marcot et al. 2006; Pollino et al. 2007; Uusitalo
2007; Barton et al. 2012) to guide research and monitoring
to support decision making and resource management
(Nyberg et al. 2006; Carriger and Newman 2011). Since
2012, the utility of the integrated BN‐RRM has been applied
in numerous contexts, including contaminated sites (Hines
and Landis 2014; Landis, Ayre et al. 2017), emergent dis-
ease (Ayre et al. 2014), nonindigenous species (Herring et al.
2015), and forestry management (Ayre and Landis 2012). A
series of papers estimating risk due to Hg contamination
and other factors in the South River in Virginia, USA dem-
onstrated the applicability of the BN‐RRM to estimate risk to
organisms and water quality (Landis, Ayre et al. 2017),
human health and well‐being (Harris et al. 2017), and the
evaluation of management alternatives and adaptive man-
agement (Johns et al. 2017; Landis, Markiewicz et al. 2017).
Risk, biomarkers, adverse outcome pathways, and
population models
In an ecological risk assessment, the mechanisms of tox-
icity and the effects on survival, growth, and reproduction
need to be placed in an ecological context. Hooper et al.
(2013) incorporated an ecological context with regard to the
response to climate change by identifying 2 processes, the
induction of climate‐induced toxic sensitivity and toxicant‐
induced climate sensitivity. Endpoints in ecological risk as-
sessment are often stated as a population‐scale property for
a valued species. There are a few studies linking biomarkers
such as AChE inhibition or other adverse outcome pathways
with population models to estimate effects (Kramer et al.
2011; Miller et al. 2015; Conolly et al. 2017). However, these
studies have been based on using a deterministic rather
than probabilistic approaches, have not incorporated mul-
tiple ecological inputs or endpoints, nor have quantitatively
evaluated uncertainty and model sensitivity.
In the present study, AChE inhibition was used as the
initial measure of toxicity due to exposure to OPs in pesti-
cides. Because data were available, we were able to ex-
trapolate directly from AChE inhibition to effects, mortality,
and swimming rate, which affect population dynamics.
We estimated the population size of Chinook salmon
using age‐structured population models. Hanson and Stark
(2012) demonstrated the applicability of population models,
applying Leslie matrix models to the estimate of population‐
scale effects. We used the same Leslie matrix approach to
translate AChE inhibition effects on individual salmon re-
production and survival to changes in population number
and age structure.
We also included ecological inputs, specifically water
temperature (WT) and DO, to provide ecological context
and to examine the relative contributions of habitat and
toxicant to risk.
The following sections describe the methods used in in-
corporating the AChE inhibition pathway into the BN‐RRM
structure to calculate risk to populations of Chinook salmon
and to detail our findings. The contributions to risk to Chi-
nook salmon from exposure to CH under seasonal (summer
and winter) variations in WT and DO were estimated, and
the variability in risk was compared among the populations
in the 4 watersheds in Washington State. We came to 3
major conclusions.
1) It is possible to translate the environmental concentration
of a pesticide to effects, via the inhibition of AChE, on
subsequent mortality and behavioral changes in Chinook
salmon, to the estimate of risk to a population.
2) The contributions of CH, WT, and DO to risk differed
during seasons in each of the rivers. Patterns of risk were
similar within each of the 4 rivers.
3) The framework should be amenable to the inclusion of
other pesticide mixtures, additional environmental con-
ditions, and populations as part of a metapopulation.
METHODS
Study watersheds
To demonstrate the usefulness of the integration of the
AChE inhibition into the BN‐RRM we needed appropriate
case studies. The rivers in the case study watersheds should
be spawning sites of Chinook salmon and have detailed
information on pesticide concentrations and environmental
factors. Seasonal monitoring data were an important factor
in constructing the BN‐RRM given that environmental fac-
tors and pesticide use varies with season. We wanted case
study locations in the agricultural areas of Whatcom and
Skagit counties in northwestern Washington, in an urban
watershed, and in one that was representative of the Co-
lumbia River basin. We chose the Nooksack and Skagit rivers
in Northwest Washington, the Cedar River in the urban Se-
attle–Tacoma corridor, and the Yakima River, a tributary of
the Columbia on the eastern slopes of the Cascades
(Figure 1).
All 4 rivers are impaired due to exceedances of water
quality standards for temperature, DO, and pH (Ecology
2018). They have also been listed as impaired for exceed-
ances of the OP pesticide CH under section 303(d) or 305(b)
of the Clean Water Act (Ecology 2018). Specifically, the
Nooksack and lower Yakima rivers are federally listed under
Section 305(b) of the Clean Water Act as having CH con-
centrations at levels of concern to the health of aquatic
Integr Environ Assess Manag 2020:28–42 © 2019 SETACDOI: 10.1002/ieam.4199
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and/or marine organisms (Ecology 2018). The Cedar River is
federally listed under Section 303(d) of the Clean Water Act
for CH concentrations that violate water quality standards
(Ecology 2018).
The lower Skagit River basin is not federally listed as
impaired. However, based on surface‐water monitoring
conducted in 2003 by the Washington State Department of
Ecology (Ecology) and Department of Agriculture (WSDA),
in 2008 the National Oceanic and Atmospheric Admin-
istration’s (NOAA’s) National Marine Fisheries Service
(NMFS) recommended more extensive surface‐water mon-
itoring. The OP pesticides CH, diazinon, and malathion
specifically were identified for further measurement
(Sargeant and Anderson 2010).
Endpoint Chinook salmon
Chinook (O. tshawytscha) have been selected as one of
the Puget Sound indicators by the Puget Sound Partnership
(PSP 2014). The indicators were selected as measures of the
progress of the agency in its goal to restore and protect the
Puget Sound. The management goal for the Chinook
indicator is no net loss of the population.
Based on its selection as a Puget Sound indicator and the
extensive Chinook data in the literature, the endpoint entity
for each case study was the Chinook salmon with the at-
tribute of no net loss of the population. We defined no net
loss as a population maintained at or above 500 000 in-
dividual fish for each of the case study sites as determined
by population modeling. Baldwin et al. (2009) used this
number as an initial population size in their modeling
studies. In a population of 500 000 fish, only 1382 were age
3‐, 4‐, and 5‐y‐old spawners (Baldwin et al. 2009). Additional
details on the population model can be found in Supple-
mental Data file Population Modeling and Derivation of the
Baldwin‐Mitchell Model (BMM).
Stressors
Chlorpyrifos was chosen as the example OP pesticide
stressor. The pesticide was detected in every watershed,
and extensive data sets exist. Sandahl et al. (2005) and Laetz
et al. (2009, 2013, 2014) have demonstrated the toxicity of
CH to Coho salmon and have characterized the exposure–
response relationships. Dissolved oxygen and WT were the
ecological stressors noted for each of the rivers. Extensive
Integr Environ Assess Manag 2020:28–42 © 2019 SETACwileyonlinelibrary.com/journal/ieam
Figure 1. Map of the sites for the 4 study areas. The Nooksack, Cedar, and Skagit watersheds drain into the Puget Sound, Washington, USA. The Yakima is part
of the Columbia River Basin. The urban areas are depicted in yellow.
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data sets of all 3 stressors were available. Supplemental
Data Table S1 contains the links to the databases. The
number of records ranges from a low of 2690 cases for DO
from the Lower Yakima to a high of 55 978 for temperature
in the Cedar. Multiple sites were observed in each water-
shed and the databases from the downloaded information
are available upon request.
Description of the Bayesian network relative risk model
Relative risk conceptual model. The basic format of the
RRM has been published previously (Landis and Wiegers
1997; Wiegers et al. 1998) (Figure 2A). The RRM was
invented to incorporate multiple stressors and link them to
multiple endpoints within a landscape. The RRM risk as-
sessments are spatially explicit, with the study area divided
into risk regions (Landis and Wiegers 2007). In each risk
region there are sources of stressors that exist within the
location or habitat that, upon release of those stressors,
result in endpoints being exposed and adverse effects
being generated. Ranks are used so that the combinations
of sources, stressors, habitats, and effects all using different
metrics can be combined into a final distribution of risk
rankings (Landis and Wiegers 1997; Wiegers et al. 1998;
Colnar and Landis 2007).
We used 4 watersheds (Skagit, Nooksack, Cedar, Yakima)
as our risk regions within the Puget Sound study area
(Figure 2B). The stressors used in this formulation were the
concentrations of CH and DO, as well as WT. The endpoint
was the probability distribution of the size of the Chinook
population over time.
Chlorpyrifos was our chemical stressor. Numerous envi-
ronmental factors also affect population growth of salmo-
nids. However, the amount and quality of information
regarding these factors varied between each of the water-
sheds. As a surrogate for more detailed information, we
chose WT and DO as the environmental variables. Long‐
term water quality monitoring data were available for each
of these parameters in all 4 of the watersheds. Moreover,
both of these variables are known to affect salmon and can
be described. Probability distributions for each variable
were constructed for each watershed.
In the model, the watershed is the risk region in which the
sources of each stressor are located. The activities or factors
in each watershed that control the 3 stressors are land use
practices, specifically, agriculture and therefore pesticide
use, as well as seasonal effects on WT and DO. The habitat
is Chinook habitat used for migration to and from the sea, as
well as for rearing areas and spawning grounds. The effects
are the OP‐affected biochemical pathways in salmonids that
result in changes in swimming rates and mortality. Changes
in WT affect DO concentrations that, singly and combined,
can affect salmonid reproduction and survivorship. The im-
pact was the probability of the Chinook population being
below that desired population size for a specific watershed.
We have presented a more detailed conceptual model in
Figure 2C to represent the cause–effect pathways in detail
and to show how the 3 stressors can cause combined effects
to Chinook salmon. In this diagram, the specific watershed is
listed as the source. Agricultural practices, specifically OP
use, were determined on the basis of seasonal applications.
We also had sufficient data to describe the distribution of
DO concentrations and changes in WT by season. Again, we
were focusing on those areas where Chinook occur in the
habitat by season.
There were 4 main categories of effects used: Toxico-
logical Effects (extrapolated from AChE Inhibition), as well
as Juvenile Effects, Egg to Emergence Effects, and Adult
Effects, which were determined by DO concentrations and
WT. Juvenile Survival and Adult Survival were 2 parameters
critical in determining the population dynamics of the
Chinook salmon. An impact was defined as the change in
the probability of the population size probability distribution
at each time interval as compared to the current state model
that began at 500 000 fish. Impacts to Juvenile Survival were
determined by Toxicological Effects, Juvenile Effects, and
Egg to Emergence Effects. Adult Survival was determined
by Adult Effects.
The segment of the conceptual model describing an
AChE inhibition can be found as the insert in Figure 2A. The
AChE inhibition was estimated from an exposure–response
curve fitted to experimental data supplied by Laetz et al.
(2009). The organismal scale responses described in our
study were mortality and inhibition of swimming activity. In
the conceptual model (Figure 2B) these events were repre-
sented as nodes from AChE inhibition to changes in swim-
ming rates and mortality. These pathways were eventually
combined to describe the totality of toxicological effects.
We portray the completed conceptual model in Figure 3A.
The specific watershed (Skagit), OP (CH), and season (winter)
are specified under Source. In the box is a diagram of the
pathway used to describe Toxicological Effects. The meas-
ured OP concentration was converted to AChE inhibition,
considered a key event in the toxicity of these OP com-
pounds. Percent mortality was estimated next, along with the
alteration of swimming rates. Juvenile fish that cannot swim
do not escape predators and are less likely to migrate to
suitable habitat. The outputs from both of these nodes were
combined into a toxicity node to provide an indication of the
total effect of the OP on juveniles. The state of the pop-
ulation was estimated at 1, 5, 10, 20, and 50 y. Five years is
the maximum lifespan (generation time) of the Chinook, so
these times represent <1, 1, 2, 4, and 10 generations.
Figure 3B is the BN‐RRM, as depicted in Netica (Norsys
2014), describing risks to Chinook salmon. This graphic
represents the completed calculation of risk to Chinook
salmon in the Lower Skagit River watershed in winter
season, based on measured concentrations of CH, DO, and
WT measurements. The key event in the pesticide pathway
is AChE inhibition, the effects of which are summarized in
the Toxicological Effects pathway. In this model, 3 of the
nodes were used to specify the source or habitat: the wa-
tershed (1), the season (2), and the year for which the sim-
ulation was set (3). All other nodes present probability
Integr Environ Assess Manag 2020:28–42 © 2019 SETACDOI: 10.1002/ieam.4199
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distributions based on measurements or outcomes. The
distribution of population sizes can be found in the Chinook
Population Size node (4).
Estimation of risk. The estimate of risk to the endpoint was
based on the management goal of no net loss of the
Chinook population. Risk was therefore defined in the
present study as the probability that the population is below
that goal. In our simulations, the starting point for the
population was 500 000 individuals, and any number below
that was defined as a net loss. There were 2 ways to display
the outcome. The first was to present the probability dis-
tributions of those states below the management criterion.
The second was to calculate a summary risk value by sum-
ming the probabilities of those states below the manage-
ment goal of 500 000.
Integr Environ Assess Manag 2020:28–42 © 2019 SETACwileyonlinelibrary.com/journal/ieam
Figure 2. Derivation of the conceptual model for the BN‐RRM to estimate risk. BN‐RRM= Bayesian network relative risk model; OP= organophosphate.
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Derivation of the population modeling to estimate risk. The
population model was modified from Baldwin et al. (2009)
for ocean‐type Chinook salmon, incorporating demographic
information from Columbia River populations. The RAMAS
GIS 6 software (Akçakaya and Root 2013) was used to run
the simulations for a 50‐y period. The model included the
standard deviations for each of the parameters, and a
Monte Carlo analysis was conducted to select the value of
each parameter for each model iteration (year). The original
Baldwin formulation was modified to produce the output
Integr Environ Assess Manag 2020:28–42 © 2019 SETACDOI: 10.1002/ieam.4199
Figure 3. Conceptual model conversion to Bayesian network. The AChE Inhibition–Mortality–Swimming Rate pathway is part of the integrated Toxicological
Effects node segment of the conceptual model (A). The final Bayesian network is illustrated in (B). Figure S2 in the Supplemental Data is a larger version of the
diagram of the Bayesian network and the Netica model is also available. Node number 1 selects the river and node number 2 selects the season for the data
sets for ecological stressors and pesticide concentration. Node number 3 selects the length of the simulation to be presented. Node 4 is the output of the
probability of each population size given the conditions in nodes 1, 2, and 3. AChE= acetylcholinesterase; DO= dissolved oxygen.
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necessary to build the conditional probability tables (CPTs)
for translating toxicological and environmental factors into
probability distributions for Chinook population size at
specific time intervals. That derivation, the Baldwin–Mitchell
Model, is subsequently referred to as “BMM.” A detailed
description of the approach was described in Mitchell
(2018). The approach is summarized in the following para-
graphs and in more detail in the Supplemental Data
section Population Modeling and Derivation of the Baldwin–
Mitchell Model.
To incorporate a distribution of outcomes for each juve-
nile and adult survival reduction scenario, we collected the
raw output of each RAMAS simulation. All of the possible
scenarios of the 2 input nodes (Adult % Reduction in Survival
and Juvenile % Reduction in Survival) were modeled. The
raw output contained the abundance of individuals in each
modeled population for each of the 200 replications after
each 1‐y iteration of the projection. For scenarios in which
the population never went extinct, this resulted in 200
possible population abundances for each year of the 50‐y
projection. In scenarios in which the intrinsic rate of increase
was less than 1, local (subpopulation) and ultimately meta-
population extinction usually occurred. This extinction re-
sulted in fewer total values for population abundance.
Chinook population size distributions for discrete simulation
years 1, 5, 10, 20, and 50 were drawn from the raw population
simulation data and incorporated into CPTs. This allowed Chi-
nook population size to be projected at specific time intervals
through the BN. Within the CPTs, population sizes were binned
into the following size ranges: 0 to 100 000; 100 000 to 500 000;
500 000 to 1 000 000; 1 000000 to 5 000 000; 5 000000
to 10 000 000; and 10000000 to 720 000 000. The BN‐RRM
endpoint node Chinook Population Size indicated the proba-
bility, based on population model simulations, that the Chinook
population size for a given population would fall into one of
these bins.
Data sources and derivation of the nodes
The data used to set the values for the parent nodes were
obtained from a variety of sources. Table S1 in Supple-
mental Data has a description of each node and the deri-
vation of the applicable CPT.
Derivation of the CPT. Conditional probability tables for the
child nodes were derived using 4 categories of methods:
empirical evidence, mathematical or biological equations,
case file learning, and expert judgment (Marcot et al. 2006;
Marcot 2017; Pollino et al. 2007; Chen and Pollino 2012). In
a single model, CPTs for different nodes could be com-
pleted using different methods, or a combination of
methods may be used within a single CPT (Pollino et al.
2007; Chen and Pollino 2012). The limitations and caveats
for each of these methods are described by Marcot (2017).
The development of the CPTs for this BN relied on using
all of these methods. In many instances, empirical data were
used to derive mathematical equations or the relationships
derived from case file learning. For example, the node AChE
Activity was derived from an exposure–response equation
based on laboratory measurements of enzyme inhibition in
salmonids after exposure to CH. The values in the node
Change in Swimming Rate (% Control) were determined
from a data set and case learning.
Table 1 presents an example of how 4 of the nodes—
Chlorpyrifos Concentration, Water Temperature, Juvenile
Swimming Rate, and Adult % Reduction in Survival—and
their CPTs were derived. Details for all of the nodes are
found in Supplemental Data Table S1. First, a short de-
scription of each node is provided, along with the catego-
ries used for discretization. The next column provides the
justifications for the ranking criteria, and the far‐right column
lists the sources of the data used in constructing the nodes.
For the Chlorpyrifos Concentration node, the data were
actual concentrations detected in water samples collected
from the watershed. The states assigned to specific ranges
of CH concentrations were based on regulatory criteria for
the protection of the salmonid species. The concentration of
CH in the Nooksack River watershed was not measured in
the winter season; therefore an equal probability dis-
tribution was used to describe the concentration of CH in
the winter simulations. All the other watersheds had com-
plete data sets.
The effect of cholinesterase inhibition on juvenile swim-
ming rate was derived from the data generated by Sandahl
et al. (2005) and Table 1. Coho salmon were the test spe-
cies, and CH was the OP. The NOAA data set was kindly
supplied by CA Laetz for an updated analysis by our team.
The analysis used the drc package in R to estimate the re-
gression (Ritz et al. 2015).
In the case of the Adult % Reduction in Survival node, the
states were obtained from the scientific literature describing
the effects of DO and temperature on salmonid survival. In
the Water Temperature node, the distribution of ranges was
obtained from direct temperature measurements taken in
the specific river in a given season. For the Adult % Re-
duction in Survival node the data for ecological and tox-
icological pathways that affect adult salmonid survival were
obtained from the scientific literature and case file learning.
The CPT for the Chinook population distribution was
determined from the output of the BMM population model.
An age‐structured population model was constructed to
predict the distribution of predicted population sizes across
a set of discrete years. Case files were constructed based on
200 runs for each combination of values from the Juvenile %
Reduction in Survival and the Adult % Reduction in Survival
nodes for years 1, 5, 10, 20, and 50, resulting in 24 388
cases. This output was analyzed using the case file function
of Netica to obtain the values used in the CPTs based on
field data.
Once all of the information was placed in the parent
nodes and the CPTs were completed for the child nodes,
the model was run and the results evaluated to verify the
model structure and calculations. The completed BN‐RRM
can be downloaded from the Supplemental Data.
Integr Environ Assess Manag 2020:28–42 © 2019 SETACwileyonlinelibrary.com/journal/ieam
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Sensitivity analysis. Sensitivity analysis explains the extent
to which an endpoint node is influenced by the values of the
input nodes (Pollino et al. 2007; Marcot 2012). The sensi-
tivity analysis is used to understand which variables con-
tribute to the state of the endpoint (Hines and Landis 2014;
Landis, Ayre et al. 2017). It can also be used to identify
variables that are important for future monitoring efforts or
risk management actions (Hines and Landis 2014; Landis,
Ayre et al. 2017). If data are unavailable for a variable and a
uniform distribution is assigned to the node, the uncertainty
will likely be reflected in the sensitivity analysis.
A sensitivity analysis was performed for the Chinook
Population Size node for each watershed under different
seasonal conditions, examining the influence of the input
parameters on the endpoint node (Sensitivity to Findings
[Norsys 2014]). Because the states are discrete, sensitivity
was measured as mutual information (Woodberry et al.
2004; Pollino et al. 2007; Norsys 2014).
RESULTS
Risk
Risk was calculated as the probability of the Chinook
salmon population being below the 500 000 target defined
as a net loss in the Chinook population. As examples, we
presented risk to salmonid populations based on 6 sce-
narios occurring at the 20‐y simulation time. The 6 scenarios
were: 1) the BMM using the baseline parameters, 2) the
BMM with a 20% reduction in survivorship of juveniles and
adults, and 3–6) the BMM using the survival of juveniles and
adults in each of the 4 watersheds (Nooksack, Cedar, Skagit,
and Yakima) in the winter season.
In Figure 4A we compared the probability distribution of
each population size category for Year 20 of the BMM
baseline, the BMM model with the 20% reduction in survival
of juveniles and adults, and the Chinook population survival
in the Skagit River watershed. The dashed line represents
the management goal of maintaining a Chinook population
of 500 000 fish.
All scenarios had a probability of not meeting the man-
agement goal. For the BMM using the Baldwin et al. (2009)
baseline, the risk was a 2.43% probability. The BMM rep-
resenting a 20% reduction in survivorship scenario had a
91.8% probability of not meeting the goal, leaving only an
8.2% probability of there being greater than 500 000
Chinook. The Skagit‐winter conditions scenario had a 67.3%
probability of not meeting the goal. It also had the proba-
bility of being at the lowest population size of the 3
scenarios.
In comparing risk among all 6 scenarios (Figure 4B), the
BMM baseline had the lowest risk, the BMM 20% reduction
in survivorship scenario had the highest, and the 4 water-
shed scenarios had a risk between 60% and 70% under
winter conditions. Overall risk during summer conditions
was higher.
Table 2 is a comparison of risk between the 4 watersheds
for both winter and summer conditions, as well as the
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contributions of CH and ecological factors (DO, WT) to that
risk. In each case, risk was highest in the summer. In every
scenario, the ecological factors were the highest contrib-
utors to risk, ranging from 97.3% in the Nooksack River
watershed under summer conditions to the lowest in the
Cedar River watershed under winter conditions at 79.5%.
The contribution of CH to risk was highest in the Cedar
River–winter scenario (20.5%) and lowest in Nooksack River–
summer (2.7%) scenario.
One of the properties of constructing the BN models in
Netica is that they can be used to calculate the states in the
model that would result in meeting a specific management
goal. The change in these states would be derived from
changes in management of the use of the pesticides and to
improve water quality. In this example, the goal is a 100%
probability of having at least a Chinook population size of
500 000 fish. Using the Skagit River Chinook‐winter model
as an example, we set the Chinook Population Size node to
100% probability for the 500 000 to 1 000 000 state. The
node states that would result in this output were calculated
(see Supplemental Data Figure S3). Table 3 is a comparison
of the probability distributions for the nodes Juvenile %
Reduction in Survival, Toxicological Effects, Egg to Emer-
gence Reduction in Survival, and Adult % Reduction in
Survival. To achieve the management goal, the distributions
in each node were shifted among none, 10%, and 20%
effect states. Based on the recalculated model output, the
Egg to Emergence Reduction in Survival has to reach a
92.6% probability of the zero state (i.e., no more than a 7.4%
probability of egg to fry emergence reduction in survival) to
achieve the set management goal. Changes also occur in
the probability distributions of the states in the other nodes.
Sensitivity analysis
The model sensitivity was evaluated by calculating the
mutual information contributions to the Chinook Population
Size node using the Netica algorithm. We present the
rankings of the important variables in Table 4 for the
summer and winter seasons for the Cedar and Skagit rivers.
The rank order of those variables important in estimating
risk were identical in the 4 scenarios, with Juvenile % Re-
duction in Survival first and Adult % Reduction in Survival
Integr Environ Assess Manag 2020:28–42 © 2019 SETACwileyonlinelibrary.com/journal/ieam
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Figure 4. Model results for Chinook population size and risk. A comparison
was made of the probability of population size scenarios: the BMM baseline,
no additional stressor effects; the BMM with 20% reduction in survivorship;
and the Skagit risk calculation with the BMM based on site‐specific conditions
(A). The dashed vertical line is the management goal. A comparison was
made of risk for scenarios in which population levels were below 500 000 for
each of the model conditions: the BMM baseline, the BMM with a 20%
reduction in survivorship, and the current BMM predictions for the Skagit,
Yakima, Cedar, and Nooksack river watersheds, Washington, USA (B).
BMM= Baldwin–Mitchell Model.
Table 2. Comparison of risk with and without the OP under winter and summer seasonal conditionsa
Scenariob Risk No OP Change in risk OP percent risk Ecological percent risk
Skagit‐winter 67.3 54.7 12.6 18.7 81.3
Skagit‐summer 80.2 72.7 7.5 9.4 90.6
Nooksack‐winter 67.3 55.0 12.3 18.3 81.7
Nooksack‐summer 92.4 89.9 2.5 2.7a 97.3a
Cedar‐winter 64.5 51.3 13.2 20.5a 79.5a
Cedar‐summer 81.8 74.8 7.0 8.6 91.4
Yakima‐winter 65.8 53.1 12.7 19.3 80.7
Yakima‐summer 85.3 79.8 5.5 6.4 93.6
OP= organophosphate.
aThe risk due to CH ranges from 2.7% to 20.5% of the total, depending on the season. The Ecological nodes are from 79.5% to 97.3% of the risk, depending on
site and season.
bWatersheds in Washington, USA.
36 Integr Environ Assess Manag 16, 2020—WG Landis et al.
second. This ranking order is expected because these are
the 2 intermediary nodes to the Chinook Population Size
node and are critical variables in the calculation of pop-
ulation dynamics. In the summer season, the third variable
was Egg to Emergence and in the winter, Toxicological Ef-
fects. The rank order of the first 5 variables for the winter
were identical between the 2 rivers; these variables are
Juvenile % Reduction in Survival, Adult % Reduction in
Survival, Toxicological Effects, Juvenile Water Quality, and
Percent Mortality.
Uncertainty
Regan et al. (2002, 2003) outlined a taxonomy of un-
certainty for conservation biology and population modeling
Integr Environ Assess Manag 2020:28–42 © 2019 SETACDOI: 10.1002/ieam.4199
Table 3. Comparison of node distributions from current conditions to meeting management goalsa
Effect
level
Juvenile % reduction in
survival Toxicological effects
Egg to emergence










None 27.10 41.10 33.60 42.20 88.90 92.60 35.60 44.60
10 23.10 36.40 16.10 19.50 6.85 5.95 20.50 34.20
20 15.50 21.10 18.50 20.90 1.92 1.00 19.50 20.20
50 15.70 1.08 20.70 13.60 1.65 0.09 24.40 1.00
90 18.50 0.31 11.10 3.61 0.69 0.78 — —
aThe table compares the values of the nodes between the Skagit River, Washington, USA under winter conditions with those calculated to reach the
management goal to have a 100% probability of 500 000 Chinook in the population. The change results in a shift in the distribution to none and lower levels
compared to the values currently calculated for Chinook in the Skagit River.
Table 4. Sensitivity analysis for the Cedar and Skagit Rivers, Washington, USA for 2 seasons as calculated for the Chinook Population Size nodea
Cedar River Skagit River
Season Node % mutual information Season Node % mutual information
Summer Juvenile % reduction 30.4 Summer Juvenile % reduction 30.6
Adult % reduction 15.8 Adult % reduction 16.3
Egg to emergence 9.55 Egg to emergence 9.76
WT 4.8b Juvenile water quality 3.49
DO 3.33b DO 4.61b
Toxicological effects 2.85c WT 4.03b
Juvenile water quality 2.76 Toxicological effects 2.89c
Percent mortality 1.2 Percent mortality 1.22
Winter Juvenile % reduction 20.6 Winter Juvenile % reduction 20.4
Adult % reduction 16.8 Adult % reduction 18.2
Toxicological effects 4.51c Toxicological effects 4.18c
Juvenile water quality 4.12 Juvenile water quality 4.23
Percent mortality 1.87 Percent mortality 1.73
Change in swimming rate 0.875 DO 1.27b
AChE activity 0.188 Change in swimming rate 0.812
DO 0.159b Egg to Emergence 0.917
AChE= acetylcholinesterase; DO= dissolved oxygen; WT=water temperature.
aAs measured by percent mutual information, the importance of some of the nodes changes, depending on season. In summer, the nodes Juvenile %
Reduction in Survival, Adult % Reduction in Survival, and Egg to Emergence in Survival were the same order for the Cedar and the Skagit rivers. Egg to
Emergence was not ranked in the Cedar and was ranked last in the Skagit.
bThe importance of the ecological variables WT and DO was higher in the summer compared to the winter.
cToxicological Effects were ranked 6th in the Cedar and 7th in the Skagit. In winter, Toxicological Effects ranked 3rd.
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that we used. This section describes the epistemic and lin-
guistic uncertainty in the risk assessment.
Epistemic uncertainty
Each of the watersheds have been extensively sampled
and monitored over the years using similar sampling
methods and analytical techniques, resulting in long‐term
comprehensive data sets. Therefore, seasonal and yearly
variability in the WT, DO, and CH concentrations are well
documented for each of the study sites. Uncertainty does
exist in understanding the variability in the data within a
watershed. For example, 1 source of data uncertainty was
due to the limitation on the number of sampling sites
compared to the extensive size of each study area. As such,
our input distributions likely were underestimates of the
total natural variability within each system.
We used Coho salmon as a surrogate for Chinook in the
toxicity analysis because of the availability of Coho toxico-
logical data. The AChE sensitivity and its relationship to
swimming speed and toxicity are all based on a Coho
model. Hence interspecific differences in sensitivity are not
known. Experimental variability is also a factor, and the re-
gressions of the exposure–response relationship are unlikely
to capture all of that uncertainly. The CPTs derived from
these regressions reflect that uncertainty.
Model uncertainty
Risk assessment model. In common with all models of eco-
logical structures, our model is at best an abstraction of the
processes that control the salmon population. We do include
a series of key stressors, but in addition to CH at least 2 other
OPs can be found in water samples. The variables WT and
DO do not represent the variability in habitat, water flows,
nutrients, and other characteristics of the watersheds.
Even with the limited number of variables in this model,
we used a variety of tools to describe the interactions be-
tween variables. In multiple cases, as shown in Supple-
mental Data Table S1 that describes the nodes, no
information was available on how WT and DO interact with
AChE toxicity to determine an increase in mortality for the
different life stages of Chinook salmon. In such instances, a
“pegging the corners” approach is used. The known quan-
tities are placed in the corners of the conditional probability
table and the values are extrapolated to fill the other entries.
This approach is an admission that we do not have any
better information or “prior” with which to describe the
interactions.
Population model. The uncertainties as described in
Baldwin et al. (2009) are carried into our formulation. There
are also the issues of downscaling from a regional for-
mulation as in Baldwin to a watershed scale model as in the
BMM. We do not have the information for these watersheds
to describe specific life history characteristics except, per-
haps, for the Yakima.
We also assume that there is a single Chinook population
for each of the rivers. For the Yakima River it is understood
that the Chinook salmon exist as a collection of patchy
populations, even a metapopulation. Studies are currently
underway to examine how the Yakima populations interact
and how risk varies in the watershed (Mitchell 2018).
Linguistic uncertainty
The adoption of Chinook salmon population size as the
BN‐RRM endpoint reflects the priority of the Puget Sound
Partnership for the recovery of Puget Sound. The criterion is
no net loss, yet there are no specifications on how to do that
for the Nooksack, Skagit, and Cedar watersheds. Criteria do,
however, exist for the Yakima watershed and for its tribu-
taries. This lack does lead to an uncertainty regarding
whether or not we have adequately described the man-
agement goal for those watersheds.
The use of an initial population size of 500 000 also is a
source of linguistic uncertainty. The number sounds high,
but only 0.3% or 1382 of the population are adults returning
to spawn. Readers not familiar with the structure of salmon
populations may interpret the 500 000 as representing a
larger overall population of reproductive and harvest-
able fish.
DISCUSSION
The goal of the present study was to demonstrate that a
BN‐RRM could be constructed to incorporate pesticide
toxicity, described as the biomarker AChE inhibition, envi-
ronmental variables, and a population model to calculate
risk to Chinook salmon populations in Puget Sound. The
successful construction and analysis of the models led to a
number of insights into the risk assessment process and into
the risk of pesticides and environmental stressors to Chi-
nook populations.
The effects of environmental concentrations of CH in
streams can contribute up to 20% of the risk to Chinook
salmon population survival. However, this risk is dependent
upon the watershed and the season. In our study, only CH
was used in the models; however, other OP pesticides have
been measured in each of these systems. We are now
building models to incorporate these OPs as well.
Our initial expectation was that important differences in
risk would be present in the 4 watersheds. In contrast to our
expectations, the risk was similar among the 4 river systems.
The 4 systems vary from urban (Cedar River watershed) to
agricultural (Skagit, Nooksack, and Yakima river watersheds).
Additionally, the Yakima River is part of the Columbia River
Basin, not a Puget Sound watershed.
The incorporation of the AChE Inhibition node into the
model was to describe the initiating event for the estimation
of molecular, physiological, and organismal effects. Chlor-
pyrifos concentrations in each of the watersheds were low,
but there were still effects that could be directly linked to a
potential change in survivorship of juvenile and adult
Chinook. The addition of a biomarker representing such a
key event has the advantage of allowing synergistic and
Integr Environ Assess Manag 2020:28–42 © 2019 SETACwileyonlinelibrary.com/journal/ieam
38 Integr Environ Assess Manag 16, 2020—WG Landis et al.
antagonistic interactions of OPs to be described as a net
change in AChE inhibition.
To prevent any net loss in the Chinook population, mul-
tiple factors need to be addressed. Given the current
model, the Egg to Emergence Reduction in Survival node
has to meet a 92.6% probability of being in the zero state to
achieve the management goal for Chinook salmon pop-
ulations. That node is influenced by both the ecological and
toxicological effects pathways, depending upon the season,
and both are important in determining risk.
As illustrated in Table 3, Juvenile % Reduction in Survival,
Toxicological Effects, Egg to Emergence Reduction in Sur-
vival, and Adult % Reduction in Survival need to be priori-
tized for management action. The model indicates that the
probability distributions for these variables need to be
shifted toward the 0% to 20% states to meet the no net loss
in Chinook population endpoint. The distributions in these
nodes represent targets for the future management options
for these watersheds.
Context
The model by Baldwin et al. (2009) was the basis of the
population modeling used in the present study. We used
the same parameters in determining rates of reproduction,
growth, and survivorship. In the Baldwin et al. (2009) study,
pulsed exposures to a pesticide followed by a 10% effect
exposure did cause inhibition of population growth.
Spromberg and Meador (2006) used a similar age‐structure
matrix population model to predict how low, environ-
mentally comparable concentrations of toxicants could af-
fect populations of Chinook, Coho, and sockeye salmon.
Those authors found that a 10% effect level did alter the
population dynamics of each species, depending on their
respective life history. Finally, an age‐structured population
model that also incorporated patch dynamics was used by
Spromberg and Scholtz (2011) to examine the effects of
prespawn mortality on Coho population dynamics. Their
model results showed that effects in 1 stream could impact
survival outcomes within the entire metapopulation.
Our results correspond with those results in that relatively
small toxicological effects on individual organisms can lead
to important changes in population survival. Our models
indicated that toxicity was not the most important factor but
that in certain circumstances it could be responsible for as
much as 20% of the risk to Chinook population survival.
Ecological stressors such as WT and DO were found to be
critical in determining the risk. These results indicate the
importance of understanding the broad suite of factors that
when combined can cause increased impacts to the survival
of the Chinook population.
We have demonstrated that a molecular initiating event
(MIE), in this case AChE inhibition (Russom et al. 2014), can
be incorporated into a risk assessment framework that in-
cludes a site‐specific ecological context. The context in-
cludes other quantified ecological stressors and the life
history characteristics of the population described in a
probabilistic format. In addition, uncertainty is explicitly
described for each BN node, whether it is the MIE, a range
of winter temperatures in the watershed, or other physical or
chemical parameters.
Model framework and limitations
The intent of the present paper was not to perform a
detailed ecological risk assessment of the 4 watersheds. The
demonstration that the BN‐RRM can be applied to land-
scapes of various types and sizes, with multiple stressors,
interactions, and endpoints, has already been accomplished
(Ayre and Landis 2012; Ayre et al. 2014; Hines and Landis
2014; Herring et al. 2015; Landis, Ayre et al. 2017).
Each of the 4 watersheds is subject to a multitude of other
stressors, including loss of habitat, inputs of other types of
pesticides, excess nutrients, and nonpoint surface runoff, as
well as stream blockages and other factors that can affect
salmon survivorship. There are also many other endpoints
that can be considered as delineated by the PSP (2014). The
case study we described in the present paper should not be
construed as concluding that Chinook salmon population is
the endpoint most at risk or that the pesticide or ecological
factors are the major contributors of risk in each watershed.
Such conclusions require a detailed risk assessment and
comprehensive data sets of CH and DO concentrations and
WT measurements to determine whether the risk to the
Chinook salmon populations not meeting the management
standard are apparent.
Use of the Baldwin–Mitchell model
We used the population model as developed by Baldwin
et al. (2009) for the Chinook salmon and incorporated sur-
vivorship rates as experienced in the region under those
ecological conditions. Those survivorship rates likely in-
cluded the effects due to WT and DO concentrations at a
basin‐wide level. In the BMM and in the BN‐RRM, we have
not attempted to edit out those effects by altering the sur-
vivorship rates as originally formulated by Baldwin et al.
(2009). We may be double‐counting a portion of the effects
due to the codependent relationship between the eco-
logical factors, but it is not clear that there are sufficient data
to parse out the effects due to WT and DO for the period
that the Baldwin model was developed. We do add site‐
specific details for the distributions of the ecological effects
and in demonstrating the differences in seasonal variation.
Adaptive management
Recall that the ultimate purpose of a risk assessment is to
make decisions in an adaptive management process. Wyant
et al. (1995) described the role that ecological risk assess-
ment could play in an adaptive management process.
McDonald et al. (2015) had demonstrated that a BN could
be used to describe a portion of the classic adaptive man-
agement process but did not include the other aspects
described by Wyant et al. (1995). Van den Brink et al. (2016)
further advanced the Wyant et al. (1995) construct by
Integr Environ Assess Manag 2020:28–42 © 2019 SETACDOI: 10.1002/ieam.4199
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connecting ecological risk assessment, the analysis of Big
Data, and BNs. Landis, Markiewicz et al. (2017) built a BN‐
based adaptive management process following the frame-
work of Wyant et al. (1995) and Van den Brink et al. (2016),
describing how it could be applied to a Hg‐contaminated
section of the South River, Virginia, USA.
The results of the present study can be applied to an
adaptive management framework as well. We have dem-
onstrated that ecological and molecular‐based pathways
can be combined to estimate population‐scale risk. As de-
scribed in Landis, Markiewicz et al. (2017), it is possible to
estimate risk from inputs derived from laboratory and field
measurements to generate a series of testable hypothesis.
We also demonstrated that the model output can be reset
to meet a management goal so that input conditions to
meet that objective can be back‐calculated. As additional
data are obtained on WT and DO in the 4 watersheds, the
probability distributions can be modified and risk recalcu-
lated. If more detailed or quantitative exposure–response
information becomes available, for example, the effect of
WT on AChE inhibition, the model can be easily updated
and risk recalculated.
Next steps
The 4 river watersheds in our study area were also con-
taminated with malathion and diazinon OP pesticides. The
logical next step in the present study would entail building a
BN‐RRM framework to conduct a 3‐chemical risk assessment
of the 4 watersheds. Similarly, population models are
available for Coho salmon, a species with a very different life
history strategy than Chinook, but similar physiology, and as
such capable of easily being incorporated into the model.
Differences in responses to WT and DO can be incorporated
in a separate BN pathway and a species‐specific CPT.
For example, sufficient details are available to describe
distinct Chinook salmon populations in the Yakima River.
Some of these populations are supplemented by hatchery
fish, whereas others are from wild stocks. The interaction
may be similar to patchy or metapopulation dynamics. Such
a risk assessment would describe risk at a finer, localized
scale than do our watershed‐level–based descriptions. An
adaptive management process could also be determined
for the Yakima River and different management options
examined for their ability to meet the long‐term manage-
ment goals for this watershed.
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